The capacity to predict future events permits a creature to detect, model, and manipulate the causal structure of its interactions with its environment. Behavioral experiments suggest that learning is driven by changes in the expectations about future salient events such as rewards and punishments. Physiological work has recently complemented these studies by identifying dopaminergic neurons in the primate whose fluctuating output apparently signals changes or errors in the predictions of future salient and rewarding events. Taken together, these findings can be understood through quantitative theories of adaptive optimizing control.
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The capacity to predict future events permits a creature to detect, model, and manipulate the causal structure of its interactions with its environment. Behavioral experiments suggest that learning is driven by changes in the expectations about future salient events such as rewards and punishments. Physiological work has recently complemented these studies by identifying dopaminergic neurons in the primate whose fluctuating output apparently signals changes or errors in the predictions of future salient and rewarding events. Taken together, these findings can be understood through quantitative theories of adaptive optimizing control.
An adaptive organism must be able to predict future events such as the presence of mates, food, and danger. For any creature, the features of its niche strongly constrain the time scales for prediction that are likely to be useful for its survival. Predictions give an animal time to prepare behavioral reactions and can be used to improve the choices an animal makes in the future. This anticipatory capacity is crucial for deciding between alternative courses of action because some choices may lead to food whereas others may result in injury or loss of resources.
Experiments show that animals can predict many different aspects of their environments, including complex properties such as the spatial locations and physical characteristics of stimuli (1) . One simple, yet useful prediction that animals make is the probable time and magnitude of future rewarding events. "Reward" is an operational concept for describing the positive value that a creature ascribes to an object, a behavioral act, or an internal physical state. The function of reward can be described according to the behavior elicited (2) . For example, appetitive or rewarding stimuli induce approach behavior that permits an animal to consume. Rewards may also play the role of positive reinforcers where they increase the frequency of behavioral reactions during learning and maintain well-established appetitive behaviors after learning. The reward value associated with a stimulus is not a static, intrinsic property of the stimulus. Animals can assign different appetitive values to a stimulus as a function of their internal states at the time the stimulus is encountered and as a function of their experience with the stimulus.
One clear connection between reward and prediction derives from a wide variety of conditioning experiments (1) . In these experiments, arbitrary stimuli with no intrinsic reward value will function as rewarding stimuli after being repeatedly associated in time with rewarding objects-these objects are one form of unconditioned stimulus (US). After such associations develop, the neutral stimuli are called conditioned stimuli (CS) . In the descriptions that follow, we call the appetitive CS the sensory cue and the US the reward. It should be kept in mind, however, that learning that depends on CS-US pairing takes many different forms and is not always dependent on reward (for example, learning associated with aversive stimuli). In standard conditioning paradigms, the sensory cue must consistently precede the reward in order for an association to develop. After conditioning, the animal's behavior indicates that the sensory cue induces a prediction about the likely time and magnitude of the reward and tends to elicit approach behavior. It appears that this form of learning is associated with a transfer of an appetitive or approach-eliciting component of the reward back to the sensory cue.
Some theories of reward-dependent learning suggest that learning is driven by the unpredictability of the reward by the sensory cue (3, 4) . One of the main ideas is that no further learning takes place when the reward is entirely predicted by a sensory cue (or cues). For example, if presentation of a light is consistently followed by food, a rat will learn that the light predicts the future arrival of food. If, after such training, the light is paired with a sound and this pair is consistently followed by food, then something unusual happens-the rat's behavior indicates that the light continues to predict food, but the sound predicts nothing. This phenomenon is called "blocking." The prediction-based explanation is that the light fully predicts the food that arrives and the presence of the sound adds no new predictive (useful) information; therefore, no association developed to the sound (5). It appears therefore that learning is driven by deviations or "errors" between the predicted time and amount of rewards and their actual experienced times and magnitudes [but see (4) ].
Engineered systems that are designed to optimize their actions in complex environments face the same challenges as animals, except that the equivalent of rewards and punishments are determined by design goals. One established method by which artificial systems can learn to predict is called the temporal difference (TD) algorithm (6) . This algorithm was originally inspired by behavioral data on how animals actually learn predictions (7). Real-world applications of TD models abound. The predictions learned by TD methods can also be used to implement a technique called dynamic programming, which specifies how a system can come to choose appropriate actions. In this article, we review how these computational methods provide an interpretation of the activity of dopamine neurons thought to mediate reward-processing and reward-dependent learning. The connection between the computational theory and the experimental results is striking and provides a quantitative framework for future experiments and theories on the computational roles of ascending monoaminergic systems (8) (9) (10) (11) (12) (13) .
Information Encoded in Dopaminergic Activity
Dopamine neurons of the ventral tegmental area (VTA) and substantia nigra have long been identified with the processing of rewarding stimuli. These neurons send their axons to brain structures involved in motivation and goal-directed behavior, for example, the striatum, nucleus accumbens, and frontal cortex. Multiple lines of evidence support the idea that these neurons construct and distribute information about rewarding events.
First, drugs like amphetamine and cocaine exert their addictive actions in part by prolonging the influence of dopamine on target neurons (14) . Second, neural pathways associated with dopamine neurons are among the best targets for electrical selfstimulation. In these experiments, rats press bars to excite neurons at the site of an implanted electrode (15) . The rats often choose these apparently rewarding stimuli over food and sex. Third, animals treated with dopamine receptor blockers learn less rapidly to press a bar for a reward pellet (16) . All the above results generally implicate midbrain dopaminergic activity in rewarddependent learning. More precise information about the role played by midbrain dopaminergic activity derives from experiments in which activity of single dopamine neurons is recorded in alert monkeys while they perform behavioral acts and receive rewards.
In these latter experiments (17) , dopamine neurons respond with short, phasic activations when monkeys are presented with various appetitive stimuli. For example, dopamine neurons are activated when animals touch a small morsel of apple or receive a small quantity of fruit juice to the mouth as liquid reward (Fig. 1) . These phasic activations do not, however, discriminate between these different types of rewarding stimuli. Aversive stimuli like air puffs to the hand or drops of saline to the mouth do not cause these same transient activations. Dopamine neurons are also activated by novel stimuli that elicit orienting reactions; however, for most stimuli, this activation lasts for only a few presentations. The responses of these neurons are relatively homogeneous-different neurons respond in the same manner and different appetitive stimuli elicit similar neuronal responses. All responses occur in the majority of dopamine neurons (55 to 80%).
Surprisingly, after repeated pairings of visual and auditory cues followed by reward, dopamine neurons change the time of their phasic activation from just after the time of reward delivery to the time of cue onset. In one task, a naïve monkey is required to touch a lever after the appearance of a small light. Before training and in the initial phases of training, most dopamine neurons show a short burst of impulses after reward delivery (Fig. 1, top) . After several days of training, the animal learns to reach for the lever as soon as the light is illuminated, and this behavioral change correlates with two remarkable changes in the dopamine neuron output: (i) the primary reward no longer elicits a phasic response; and (ii) the onset of the (predictive) light now causes a phasic activation in dopamine cell output (Fig. 1,  middle) . The changes in dopaminergic activity strongly resemble the transfer of an animal's appetitive behavioral reaction from the US to the CS.
In trials where the reward is not delivered at the appropriate time after the onset of the light, dopamine neurons are depressed markedly below their basal firing rate exactly at the time that the reward should have occurred (Fig. 1, bottom) . This well-timed decrease in spike output shows that the expected time of reward delivery based on the occurrence of the light is also encoded in the fluctuations in dopaminergic activity (18) . In contrast, very few dopamine neurons respond to stimuli that predict aversive outcomes.
The language used in the foregoing description already incorporates the idea that dopaminergic activity encodes expectations about external stimuli or reward. This interpretation of these data provides a link to an established body of computational theory (6, 7) . From this perspective, one sees that dopamine neurons do not simply report the occurrence of appetitive events. Rather, their outputs appear to code for a deviation or error between the actual reward received and predictions of the time and magnitude of reward. These neurons are activated only if the time of the reward is uncertain, that is, unpredicted by any preceding cues. Dopamine neurons are therefore excellent feature detectors of the "goodness" of environmental events relative to learned predictions about those events. They emit a positive signal (increased spike production) if an appetitive event is better than predicted, no signal (no change in spike production) if an appetitive event occurs as predicted, and a negative signal (decreased spike production) if an appetitive event is worse than predicted (Fig. 1 ).
Computational Theory and Model
The TD algorithm (6, 7) is particularly well suited to understanding the functional role played by the dopamine signal in terms of the information it constructs and broadcasts (8, 10, 12) . This work has used fluctuations in dopamine activity in dual roles (i) as a supervisory signal for synaptic weight changes (8, 10, 12) and (ii) as a signal to influence directly and indirectly the choice of behavioral actions in humans and bees (9) (10) (11) . Temporal difference methods have been used in a wide spectrum of engineering applications that seek to solve prediction After learning, the conditioned stimulus predicts reward, and the reward occurs according to the prediction-hence no error in the prediction of reward. The dopamine neuron is activated by the reward-predicting stimulus but fails to be activated by the predicted reward (right). (Bottom) After learning, the conditioned stimulus predicts a reward, but the reward fails to occur because of a mistake in the behavioral response of the monkey. The activity of the dopamine neuron is depressed exactly at the time when the reward would have occurred. The depression occurs more than 1 s after the conditioned stimulus without any intervening stimuli, revealing an internal representation of the time of the predicted reward. Neuronal activity is aligned on the electronic pulse that drives the solenoid valve delivering the reward liquid (top) or the onset of the conditioned visual stimulus (middle and bottom). Each panel shows the peri-event time histogram and raster of impulses from the same neuron. Horizontal distances of dots correspond to real-time intervals. Each line of dots shows one trial. Original sequence of trials is plotted from top to bottom. CS, conditioned, reward-predicting stimulus; R, primary reward.
problems analogous to those faced by living creatures (19) . Temporal difference methods were introduced into the psychological and biological literature by Richard Sutton and Andrew Barto in the early 1980s (6, 7) . It is therefore interesting that this method yields some insight into the output of dopamine neurons in primates. There are two main assumptions in TD. First, the computational goal of learning is to use the sensory cues to predict a discounted sum of all future rewards V(t) within a learning trial:
where r(t) is the reward at time t and E [⅐] denotes the expected value of the sum of future rewards up to the end of the trial. 0 Յ ␥ Յ 1 is a discount factor that makes rewards that arrive sooner more important than rewards that arrive later. Predicting the sum of future rewards is an important generalization over static conditioning models like the Rescorla-Wagner rule for classical conditioning (1) (2) (3) (4) . The second main assumption is the Markovian one, that is, the presentation of future sensory cues and rewards depends only on the immediate (current) sensory cues and not the past sensory cues. As explained below, the strategy is to use a vector describing the presence of sensory cues x(t) in the trial along with a vector of adaptable weights w to make an estimatê V(t) of the true V(t). The reason that the sensory cue is written as a vector is explained below. The difficulty in adjusting weights w to estimate V(t) is that the system (that is, the animal) would have to wait to receive all its future rewards in a trial r(t ϩ 1), r(t ϩ 2), . . . to assess its predictions. This latter constraint would require the animal to remember over time which weights need changing and which weights do not.
Fortunately, there is information available at each instant in time that can act as a surrogate prediction error. This possibility is implicit in the definition of V(t) because it satisfies a condition of consistency through time:
An error in the estimated predictions can now be defined with information available at successive time steps:
This ␦(t) is called the TD error and acts as a surrogate prediction error signal that is instantly available at time t ϩ 1. As described below, ␦(t) is used to improve the estimates of V(t) and also to choose appropriate actions.
Representing a stimulus through time. We suggested above that a set of sensory cues along with an associated set of adaptable weights would suffice to estimate V(t) (the discounted sum of future rewards). It is, however, not sufficient for the representation of each sensory cue (for example, a light) to have only one associated adaptable weight because such a model would not account for the data shown above-it would not be able to represent both the time of the cue and the time of reward delivery. These experimental data show that a sensory cue can predict reward delivery at arbitrary times into the near future. This conclusion holds for both the monkeys' behavior and the output of the dopamine neurons. If the time of reward delivery is changed relative to the time of cue onset, then the same cue will come to predict the new time of reward delivery. The way in which such temporal labels are constructed in neural tissue is not known, but it is clear that they exist (20) .
Given these facts, we assume that each sensory cue consists of a vector of signals x(t) ϭ {x 1 (t), x 2 (t), ⅐ ⅐ ⅐ } that represent the light for variable lengths of time into the future, that is, x i (t) is 1 exactly i time steps after the presentation of the light in the trial and 0 otherwise (Fig. 2B) . Each component of x(t), x i (t), has its own prediction weight w i (Fig. 2B ). This representation means that if the light comes on at time s, x 1 (s ϩ 1) ϭ 1, x 2 (s ϩ 2) ϭ 1, . . . represent the light at 1, 2, . . . time steps into the future and w 1 , w 2 , . . . are the respective weights. The net prediction for cue x(t) at time t takes the simple linear form
This form of temporal representation is what Sutton and Barto (7) call a complete serial-compound stimulus and is related to Grossberg's spectral timing model (21) . Unfortunately, virtually nothing is known about how the brain represents a stimulus for substantial periods of time into the future; therefore, all temporal representations are underconstrained from a biological perspective. As in trial-based models like the Rescorla-Wagner rule, the adaptable weights w are improved according to the correlation between the stimulus representations and the prediction error. The change in weights from one trial to the next is
where ␣ x is the learning rate for cue x(t) and the sum over t is taken over the course of a trial. It has been shown that under certain conditions this update rule (Eq. 5) will causeV(t) to converge to the true V(t) (22) . If there were many different sensory cues, each would have its own vector representation and its own vector of weights, and Eq. 4 would be summed over all the cues.
Comparing model and data. We now turn this apparatus toward the neural and behavioral data described above. To construct and use an error signal similar to the TD error above, a neural system would need to possess four basic features: (i) access to a measure of reward value r(t); (ii) a signal measuring the temporal derivative of the ongoing prediction of reward ␥V(t ϩ 1) Ϫ V(t); (iii) a site where these signals could be summed; and (iv) delivery of the error signal to areas constructing the prediction in such a way that it can control plasticity.
It has been previously proposed that midbrain dopamine neurons satisfy features Fig. 2 . Constructing and using a prediction error. (A) Interpretation of the anatomical arrangement of inputs and outputs of the ventral tegmental area ( VTA). M1 and M2 represent two different cortical modalities whose output is assumed to arrive at the VTA in the form of a temporal derivative (surprise signal)V(t), which reflects the degree to which the current sensory state differs from the previous sensory state. The high degree of convergence forcesV(t) to arrive at the VTA as a scalar signal. Information about reward r(t) also converges on the VTA. The VTA output is taken as a simple linear sum ␦(t) ϭ r(t) ϩV(t). The widespread output connections of the VTA make the prediction error ␦(t) simultaneously available to structures constructing the predictions. (B) Temporal representation of a sensory cue. A cue like a light is represented at multiple delays x n from its initial time of onset, and each delay is associated with a separate adjustable weight w n . These parameters w n are adjusted according to the correlation of activity x n and ␦ and through training come to act as predictions. This simple system stores predictions rather than correlations.
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http://www.sciencemag.org ⅐ SCIENCE ⅐ VOL. 275 ⅐ 14 MARCH 1997 (i), (ii), and (iii) listed above ( Fig. 2A) (8, 10, 12) . As indicated in Fig. 2 , the dopamine neurons receive highly convergent input from many brain regions. The model represents the hypothesis that this input arrives in the form of a surprise signal that measures the degree to which the current sensory state differs from the last sensory state. We assume that the dopamine neurons' output actually reflects ␦(t) ϩ b(t), where b(t) is a basal firing rate (12) . Figure  3 shows the training of the model on a task where a single sensory cue predicted the future delivery of a fixed amount of reward 20 time steps into the future. The prediction error signal (top) matches the activity of the real dopamine neurons over the course of learning. The pattern of weights that develops (bottom) provide the model's explanations for two well-described behavioral effects-blocking and secondary conditioning (1). The model accounts for the behavior of the dopamine neurons in a variety of other experiments in monkeys (12) . The model also accounts for changes in dopaminergic activity if the time of the reward is changed (18) .
The model makes two other testable predictions: (i) in the presence of multiple sensory cues that predict reward, the phasic activation of the neurons will transfer to the earliest consistent cue. (ii) After training on multiple sensory cues, omission of an intermediate cue will be accompanied by a phasic decrease in dopaminergic activity at the time that the cue formerly occurred. For example, after training a monkey on the temporal sequence light 13light 23re-ward, the dopamine neurons should respond phasically only to the onset of light 1. At this point, if light 2 is omitted on a trial, the activity in the neurons will depress at the time that light 2 would have occurred.
Choosing and criticizing actions. We showed above how the dopamine signal can be used to learn and store predictions; however, these same responses could also be used to influence the choice of appropriate actions through a connection with a technique called dynamic programming (23) . We discuss below the connection to dynamic programming.
We introduce this use with a simple example. Suppose a rat must move through a maze to gain food. In the hallways of the maze, the rat has two options available to it: go forward a step or go backward a step. At junctions, the rat has three or four directions from which to choose. At each position, the rat has various actions available to it, and the action chosen will affect its future prospects for finding its way to food. A wrong turn at one point may not be felt as a mistake until many steps later when the rat runs into a dead end. How is the rat to know which action was crucial in leading it to the dead end? This is called the temporal credit assignment problem: Actions at one point in time can affect the acquisition of rewards in the future in complicated ways.
One solution to temporal credit assignment is to describe the animal as adopting and improving a "policy" that specifies how its actions are assigned to its states. Its state is the collection of sensory cues associated with each maze position. To improve a policy, the animal requires a means to evaluate the value of each maze position. The evaluation used in dynamic programming is the amount of summed future reward expected from each maze position provided that the animal follows its policy. The summed future rewards expected from some state [that is, V(t) ] is exactly what the TD method learns, suggesting a connection with the dopamine signal.
As the rat above explores the maze, its predictions become more accurate. The predictions are considered "correct" once the average prediction error ␦(t) is 0. At this point, fluctuations in dopaminergic activity represent an important "economic evaluation" that is broadcast to target structures: Greater than baseline dopamine activity means the action performed is "better than expected" and less than baseline means "worse than expected." Hence, dopamine responses provide the information to implement a simple behavioral strategy-take [or learn to take (24) ] actions correlated with increased dopamine activity and avoid actions correlated with decreases in dopamine activity.
A very simple such use of ␦(t) as an evaluation signal for action choice is a form of learned klinokinesis (25) , choosing one action while ␦(t) Ͼ 0, and choosing a new random action if ␦(t) Յ 0. This use of ␦(t) has been shown to account for bee foraging behavior on flowers that yield variable returns (9, 11) . Figure 4 shows the way in which TD methods can construct for a mobile "creature" a useful map of the value of certain actions.
A TD model was equipped with a simple visual system (two, 200 by 200 pixel retinae) and trained on three different sensory cues (colored blocks) that differed in the amount of reward each contained (blue Ͼ green Ͼ red). The model had three neurons, each sensitive only to the percentage of one color in the visual field. Each colorsensitive neuron provides input to the prediction unit P (analog of VTA unit in Fig.  2 ) through a single weight. Dedicating only On each trial, a sensory cue is presented at time step 10 and time step 20 followed by reward delivery [r(t) ϭ 1] at time step 60. On trial 0, the presentation of the two cues causes no change because the associated weights are initially set to 0. There is, however, a strong positive response (increased firing rate) at the delivery of reward at time step 60. By repeating the pairing of the sensory cues followed in time by reward, the transient response of the model shifts to the time of the earliest sensory cue (time step 10). Failure to deliver the reward during an intermediate trial causes a large negative fluctuation in the model's output. This would be seen in an experiment as a marked decrease in spike output at the time that reward should have been delivered. In this example, the timing of reward delivery is learned well before any response transfers to the earliest sensory cue. (Bottom) The value function V(t). The weights are all initially set to 0 (trial 0). After the large prediction error occurs on trial 0, the weights begin to grow. Eventually they all saturate to 1 so that the only transient is the unpredicted onset of the first sensory cue. The depression in the surface results from the error trial where the reward was not delivered at the expected time.
SCIENCE ⅐ VOL. 275 ⅐ 14 MARCH 1997 ⅐ http://www.sciencemag.org a single weight to each cue limits this "creature" to a one time step prediction on the basis of its current state. After experiencing each type of object multiple times, the weights reflect the relative amounts of reward in each object, that is, w b Ͼ w g Ͼ w r . These three weights equip the creature with a kind of cognitive map or "value surface" with which to assay its possible actions (Fig.  4B) .
The value surface above the arena is a plot of the value function V(x, y) (height) when the creature is placed in the indicated corner and looks at every position (x, y) in the arena. The value V(x, y) of looking at each position (x, y) is computed as a linear function of the weights (w b , w g , w r ) associated with activity induced in the colorsensitive units. As this "creature" changes its direction of gaze from one position (x 0 , y 0 ) at time t to another position (x 1 , y 1 ) at time t ϩ 1, the difference in the values of these two positions V(t ϩ 1) Ϫ V(t) is available as the output ␦(t) of the prediction neuron P. In this example, when the creature looks from point 1 to point 2, the percentage of blue in its visual field increases. This increase is available as a positive fluctuation ("things are better than expected") in the output ␦(t) of neuron P. Similarly, looking from point 2 to point 1 causes a large negative fluctuation in ␦(t) ("things are worse than expected"). As discussed above, these fluctuations could be used by some target structure to decide whether to move in the direction of sight. Directions associated with a positive prediction error are likely to yield increased future returns.
This example illustrates how only three stored quantities (weights associated with each color) and the capacity to look at different locations endow this simple "creature" with a useful map of the quality of different directions in the arena. This same model has been given simple card-choice tasks analogous to those given to humans (26) , and the model matches well the human behavior. It is also interesting that humans develop a predictive galvanic skin response that predicts appropriately which card decks are good and which are bad (26) .
Summary and Future Questions
We have reviewed evidence that supports the proposal that dopamine neurons in the VTA and the substantia nigra report ongoing prediction errors for reward. The output of these neurons is consistent with a scalar prediction error signal; therefore, the delivery of this signal to target structures may influence the processing of predictions and the choice of reward-maximizing actions. These conclusions are supported by data on the activity changes of these neurons during the acquisition and expression of a range of simple conditioning tasks. This representation of the experimental data raises a number of important issues for future work.
The first issue concerns temporal representations, that is, how is any stimulus represented through time? A large body of behavioral data show that animals can keep track of the time elapsed from the presentation of a CS and make precise predictions accordingly. We adopted a very simple model of this capacity, but experiments have yet to suggest where or how the temporal information is constructed and used by the brain. It is not yet clear how far into the future such predictions can be made; however, one suspects that they will be longer than the predictions made by structures that mediate cerebellar eyeblink conditioning and motor learning displayed by the vestibulo-ocular reflex (27) . The time scales that are ethologically important to a particular creature should provide good constraints when searching for mechanisms that might construct and distribute temporal labels in the cerebral cortex.
A second issue is information about aversive events. The experimental data suggest that the dopamine system provides information about appetitive stimuli, not aversive stimuli. It is possible however that the absence of an expected reward is interpreted as a kind of "punishment" to some other system to which the dopamine neurons send their output. It would then be the responsibility of these targets to pass out information about the degree to which the nondelivery of reward was "punishing." It was long ago proposed that rewards and punishments represent opponent processes and that the dynamics of opponency might be responsible for many puzzling effects in conditioning (28) .
A third issue raised by the model is the relation between scalar signals of appetitive values and vector signals with many components, including those that represent primary rewards and predictive stimuli. Simple models like the one presented above may be able to learn with a scalar signal only if the scope of choices is limited. Behavior in more realistic environmental situations requires vector signaling of the type of rewards and of the various physical components of the predictive stimuli. Without the capacity to discriminate which stimuli are responsible for fluctuations in a broadcast scalar error signal, an agent may learn inappropriately, for example, it may learn to approach food when it is actually thirsty.
Dopamine neurons emit an excellent appetitive error (teaching) signal without indicating further details about the appetitive event. It is therefore likely that other reward-processing structures subserve the analysis and discrimination of appetitive events without constituting particularly efficient teaching signals. This putative division of labor between the analysis of physical and functional attributes and scalar (b, g, r) report, respectively, the percentage of blue, green, and red in the visual field. Each unit influences neuron P ( VTA analog) through a single weight. The colored blocks contain varying amounts of reward with blue Ͼ green Ͼ red. After training, the weights (w b , w g , w r ) reflect this difference in reward content. Using only a single weight for each sensory cue, the model can make only one-time step predictions; however, combined with its capacity to move its head or walk about the arena, a crude "value-map" is available in the output ␦(t) of neuron P. (B) Value surface for the arena when the creature is positioned in the corner as indicated. The height of the surface codes for the value V(x, y) of each location when viewed from the corner where the "creature" is positioned. All the creature needs to do is look from one location to another (or move from one position to another), and the differences in value V(t ϩ 1) Ϫ V(t) are coded in the changes in the firing rate of P (see text). evaluation signals raises a fourth issueattention. The model does not address the attentional functions of some of the innervated structures, such as the nucleus accumbens and the frontal cortex. Evidence suggests that these structures are important for cases in which different amounts of attention are paid to different stimuli. There is, however, evidence to suggest that the required attentional mechanisms might also operate at the level of the dopamine neurons. Their responses to novel stimuli will decrement with repeated presentation and they will generalize their responses to nonappetitive stimuli that are physically similar to appetitive stimuli (29) . In general, questions about attentional effects in dopaminergic systems are ripe for future work.
The suggestions that a scalar predictionerror signal influences behavioral choices receives support from the preliminary work on human decision-making and from the fact that changes in dopamine activity fluctuations parallel changes in the behavioral performance of the monkeys (30) . In the mammalian brain, the striatum is one site where this kind of scalar evaluation could have a direct effect on action choice, and activity relating to conditioned stimuli is seen in the striatum (31) . The widespread projection of dopamine axons to striatal neurons gives rise to synapses at dendritic spines that are also contacted by excitatory inputs from cortex (32) . This may be a site where the dopamine signal influences behavioral choices by modulating the level of competition in the dorsal striatum. Phasic dopamine signals may lead to an augmentation of excitatory influences in the striatum (33) , and there is evidence for striatal plasticity after pulsatile application of dopamine (34) . Plasticity could mediate the learning of appropriate policies (24) .
The possibilities in the striatum for using a scalar evaluation signal carried by changes in dopamine delivery are complemented by interesting possibilities in the cerebral cortex. In prefrontal cortex, dopamine delivery has a dramatic influence on working memory (35) . Dopamine also modulates cognitive activation of anterior cingulate cortex in schizophenic patients (36) . Clearly, dopamine delivery has important cognitive consequences at the level of the cerebral cortex. Under the model presented here, changes in dopaminergic activity distribute prediction errors to widespread target structures. It seems reasonable to require that the prediction errors be delivered primarily to those regions most responsible for making the predictions; otherwise, one cortical region would have to deal with prediction errors engendered by the bad guesses of another region. From this point of view, one could expect there to be a mechanism that coupled local activity in the cortex to an enhanced sensitivity of nearby dopamine terminals to differences from baseline in spike production along their parent axon. There is experimental evidence that supports this possibility (37) .
Neuromodulatory systems like dopamine systems are so named because they were thought to modulate global states of the brain at time scales and temporal resolutions much poorer than other systems like fast glutamatergic connections. Although this global modulation function may be accurate, the work discussed here shows that neuromodulatory systems may also deliver precisely timed information to specific target structures to influence a number of important cognitive functions.
